The dynamic properties and non-linear control of the pneumatic muscle actuator (PMA) were investigated in this study for use in a specially designed hand rehabilitation device. The phenomenological model of PMA was established in the lower pressure range applicable for hand rehabilitation. The experimental results show that PMA's characteristics can be approximated by piecewise functions. In order to improve the performance and robustness of control for accurate trajectory tracking, a sliding mode control based on non-linear disturbance observer (SMCBNDO) was designed. The simulation and experimental results demonstrated that the model and the sliding mode control achieved the desired performance in tracking a desired trajectory within guaranteed accuracy. The work indicates that the model and the non-linear control proposed in this study can be applied in PMA-driven hand function rehabilitation devices requiring lower pressures.
Introduction
The challenge of rehabilitation robot design is to develop a robot suitable for task-oriented rehabilitation therapy, that is, the robots should be compliant to spastic reactions often seen from neurologically impaired patients, therefore safe and not inducing further injury or pain during motor function training. As a naturally compliant actuator with lower cost, the pneumatic muscle actuator (PMA) is widely used in rehabilitation robots [1 -4] .
The pneumatic muscle (PM) can be made similar to human skeletal muscles in size, weight and power output. In contrast to traditional motor actuators, it possesses many advantages, such as lower cost, light weight, compliance, and very high power/weight and power/volume ratios [5] . However, the application of this kind of compliant actuators has its challenges. Compared to electric motors, the PMA has slower response in force-generation, nonlinear parameters depending on the load, position and speed. The complex non-linear dynamics of the PM makes devices driven by PMAs difficult to control. This has restricted widespread use of PMA-driven devices in the past.
In recent years, the research on the modelling of PMA and its properties has been undertaken by several researchers. Mathematical models of a PMA can mainly be categorised into two classes: the theoretical models and the phenomenological models. Some theoretical models of PMA can be found in [6] [7] [8] [9] [10] [11] [12] , which are derived from the law of energy conservation. In [6] , the relationship between the pressure and the force of a PMA was analysed by Schulte. Chou and Hannaford developed a complex model relating the geometric structure and the contractile force output of PMA [7, 8] . The generated equations were functions of the input pressure, initial length, diameter of the PMA, braid thread angle, thread length and the number of thread turns. Later, they proposed a static model based on static length -tension experiment [8, 9] . Tondu and Lopez [10] improved the theoretical model by incorporating a muscle contraction ratio. They compared the theoretical model to human skeletal muscle and analysed their similarities in the force-length relationship and differences in the force-speed relationship. Klute and Hannaford presented another model that includes a nonlinear, Mooney-Rivlin mathematical description of the actuator's internal bladder [11] . However, these theoretical models describe PMA behaviour based on quasi-static states without incorporating explicitly temporal information. This approach limits its application for real-time control because it is too complex in structure and requires too many parameters that are difficult to obtain during experimentation. Thus, some researchers adopted the phenomenological model to describe the PMA's dynamics. Colbrunn and colleagues proposed a PMA's phenomenological model similar to Hill's model of skeletal muscles [12] . In order to facilitate the design of controller, Repperger et al. modelled the PMA as a stiffness-visco model consisting of a spring element and damping element arranged in parallel [13] . Later, Reynolds improved the model proposed by Repperger to construct a new phenomenological model consisting of a contractile element, a spring element and a damping element [14] . These models allowed for control design and practical application of PMA.
Based on a linearised model of PMA, proportionalintegral-differential (controller) (PID) control was used to implement the control of a seven-degree of freedom (DOF) robotic arm [15] . However, the controller is only effective for a particular operational region for a linear model. To deal with the complex non-linear dynamics of the PMA, researchers have attempted non-linear control methods such as adaptive pole-placement control, H1 control, fuzzy backstepping, variable structure control (VSC), neural network control etc. [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] . Caldwell studied the controller design and application of the PM control systems. In his study, the control of PMs was explored via adaptive pole-placement technique [5, 16, 17] . Repperger et al. designed a gain scheduling method based on the PM model approximated from experiment data [13] . They also investigated gain-scheduling H1 control [18] , adaptive backstepping [19] , fuzzy backstepping [20] and VSC [21] . Among these control methods, satisfactory performance can be achieved by using adaptive backstepping or VSC methods. Unfortunately, the conventional VSC control is not suitable for practical application because of the chattering problem. Artificial neural network (ANN)-based approach was applied to the control of a five-joint robot arm driven by PMAs [22] . By using the ANN learning algorithm, a non-linear multidimensional function can be approximated well and the position could be controlled to a satisfactory level. Cai and Yamaura applied the sliding mode control (SMC) technique to design a robust tracking control for a manipulator system driven by a pair of agonist/ antagonist PMA [23] . Osuka et al. linearised the PMA model and applied the H1 theory to design the controller for PMAs [24] .
In this paper, we propose a new PMA model used in a hand rehabilitation device and controlled by a sliding mode algorithm. The dynamics of PMA was described by a phenomenological model consisting of a contractile element, a spring element, and a damping element in parallel. The parameters of the model were fitted by the experimental data generated by piecewise characteristics in the different ranges of pressure, especially the lower pressure region applicable for the hand function rehabilitation. Considering the bounded modelling errors, the sliding mode approach was adopted. In order to improve the effectiveness and robustness of the control, we designed the SMC based on a non-linear disturbance observer (SMCBNDO) that provided robust performance in tracking a desired trajectory with a guaranteed accuracy regardless of the modelling uncertainties and perturbation.
The rest of this paper is organised as follows. In Section 2 we describe the background work leading to this research. In Section 3 we derive the model for the PMA used in the hand rehabilitation device. In Section 4, a general SMC is designed based on the PMA's model. Section 5 shows the improvement of the controller by inserting perturbation observer in sliding mode method. Section 6 presents the simulation and the experimental results of the closed-loop tracking performance of the controller. Finally, conclusions are given in the last section.
Background
In previous studies, a rehabilitation robotic hand driven by two PMAs, shown in Fig. 1a , was designed to provide www.ietdl.org active assistance for repetitive physical therapy to improve the intrinsic motor functions of the affected hand [4] . The robot has three distinct degrees of freedom at the thumb and the fingers. The embedded sensors are employed to obtain position and force information for feedback control and quantitative evaluation of task performance. The robot is driven by two PMAs anchored on the forearm attachment. One of the PMAs is directly connected to the lever of the thumb. In order to magnify the limited travel of the PMAs, a travel transform pulley is designed and located above the metacarpophalangeal joints. Another PMA is connected with a cable passing through the travel transform pulley and connected with the front lever. PM is made from inexpensive materials, such as natural latex rubber for the inner bladder covered by a polymer-based braid (Fig. 1b) . The outer and inner diameters of the used latex rubber tube are 12 and 10 mm, respectively. The maximum contraction ratios of both PM are about 25%.
To realise the trajectory tracking control, the conventional PID and fuzzy PID controller were implemented and evaluated in previous studies [25, 26] . To realise the model-based control method in further study, a mathematical model of the PMA and the robot must be established. The objective of this study is to develop and verify the model and then to design a robust controller for PMAs under the modelling uncertainties and the perturbation.
The model formulation followed the work of Repperger et al. [14] with two major differences: the material for the PMs and the working pressure ranges. The parameters in the formulation were identified by experimental measurement. The range of load and pressure in Reynolds' work were different from that required for the hand device. The PM will have different behaviour in different pressure ranges.
The static model of the PM in our study is similar to that proposed by Klute and Hannaford [11] (we did note that a sign change was warranted in the second term of Klute and Hannaford's force equation) (see equation at the bottom of the page) where F is the predicted force, P is the pressure, R 0 is the resting state radius, L 0 is the resting state PM length, l 1 is the rate of the actuator's instantaneous length and resting length L 0 , C 10 and C 01 are two Mooney-Rivlin constants, B is the length of helical thread, V b is the bladder volume and N is the number of turns a single helical thread makes about the diameter of the actuator over its length. B, V b and N can be calculated by the following equations
In this model the hysteresis loop caused by the friction is not considered. The equation is too complex to be used in the real-time control. Whereas the intuitive model can be derived from the PM's geometry and the material, although the accurate value of each parameter is difficult to obtain and some may change after a period of the PM usage.
Since the dynamics of PMA is pressure and length dependent, we simulated the model to obtain the relationships between the predicted force F and the rate l 1 with different pressures. The simulation parameters were selected based on the actual PM used in the device: 
IET slope changes as the pressure changes, but not in a linear or proportional fashion. As the pressure increases, the initial slope decreases gradually first, then increases gradually. Within the range of parameters for specific PM used in our hand rehabilitation robot there is obviously a difference in the stiffness characteristic from that proposed by Repperger et al. [14] .
Dynamic model
The dynamic behaviour of a PM pulling a mass against gravity has been modelled as a combination of effects from non-linear friction, spring and contraction components. The coefficients corresponding to these three elements depend on the input pressure of the PM. The equations describing the dynamics of a PM are approximated by
where M is the mass, g is the acceleration of gravity, x ¼ 0 corresponds to the fully deflated position and P is the input pressure. Notations K(P) and B(P) indicate the pressuredependent coefficients for the spring and the damping, respectively. F(P) is the effective force provided by the contractile element. The damping coefficient depends on whether the PM is inflated and deflated.
The experimental device is shown in Fig. 3 for experimentally testing the model. The length change of the PM was measured by a low friction linear variable differential transformer (LVDT) attached to the lower end of the PM. In addition, there was also a pressure sensor integrated in the electric proportional valve (EPV) to provide the pressure feedback. Data were collected by a multichannel real-time data acquisition card (Advantach USB-4716).
Experimental process
In order to meet the requirement of hand rehabilitation device reported previously [4] , pressures in the range of 150-300 kPa and loads in the range of 0 -40.0 N were applied. The frequency of data acquisition was 1250 Hz. The experimental process was arranged as follows:
Step 1: Calibration of LVDT and pressure sensor. Before starting the experiment, the LVDT was powered on and preheated for 15 min. The initial end position of the PM was selected as the reference point. The end position of the PM was changed by regulating the pressure of the EPV to a specific value of 0.10, 0.15, 0.20, 0.25, 0.30 or 0.35 MPa. When the pressure reached the steady state, the output of LVDT and the pressure sensor were recorded by the data acquisition card. The real end position of the PM was recorded manually according to the side scale. The functional relationships between voltage signal of the sensor and real value can be obtained by using least-squares techniques to fit the recorded data to linear models.
Step 2: Estimation of the effective force F(P) provided by the contractile element and the spring coefficient K(P). From (1) the static model of the PM can be expressed as follows
To provide independent estimations of K and F as functions of pressure, the pressure was set by EPV to different desired constant levels with the same load and the displacement and data were recorded when the pressure reached steady state. The procedure was repeated for pressure range from 150 to 300 kPa in steps of 10 kPa. (5) , the position and load data in the same pressure were used to estimate F and K by least-squares techniques. Different pressure P generated different F and K. According to the changing trend of F and K with P, the functional relationship between K, F and P was established.
Step 3: Estimation of the damping coefficient B(P). From (1) the dynamic model of the PM can be expressed as follows
To provide estimations of B as a function of pressure in the case of inflation, we reduced the weight from a large weight stack suddenly after the pressure had reached a steady state, and then the PM would continue contracting for an additional distance. Following the procedure reported in [14] , the load was reduced by 1/3 of value in the steady state. This is a typical step response process. However, the same procedure cannot be performed in the case of deflation. Owing to the uncertainty of initial end position, we can hardly obtain an ideal lengthening (deflation) process of the PM by adding a load. So we reduced the PM's pressure from a high pressure suddenly after the PM had reached a steady contracted state, and then the PM would extend an additional distance. Based on the F obtained in step 2, the damping coefficient B(P) during PM inflation and deflation can be fitted according to (6) Step 3 of the experiment demonstrated that the EPV in the control loop had an effect on the system dynamics. Fig. 4 shows the different step responses in two different cases when the pressure of the steady state was 150 kPa and the load was reduced from 14.7 to 9.8 N suddenly. The dashed line represents the dynamic response when the EPV was contained in the control loop, whereas the solid line represents the dynamic response after removing EPV. Obviously, the overshooting was higher and the time to reach steady state longer when the EPV was in the control loop. Therefore the response without EPV was used to estimate the damping coefficient B(P) of the PMA by (6) . The accelerationẍ was obtained by taking the second derivative of the position x. The noise contained in signal x had a great influence on the calculation of acceleration. A finite impulse response low-pass digital filter was designed to remove the noise from x, and subsequently the phase compensation had to be considered. The filtered signal x is shown in Fig. 5 . The same filtering process is applied to the data during the PM deflation.
Experimental result
The experimental result shows that there is an approximately linear relationship between the effective force F(P) with respect to the pressure P (see Fig. 6 ). The F -P ( * ) denotes the value of F in a special pressure, which is estimated by least-squares techniques applying to the position and load data in same pressure. The line in Fig. 6 denotes the estimated functional relationship between F and P.
Relationship between the spring coefficient K(P) and the pressure P shown in Fig. 7 presents a piecewise linear function. The K-P ( * ) denotes the value of K in special Figure 4 Comparison of different step responses in two cases Figure 5 Result of filtered signal with a phase compensation pressure, which is estimated by least-squares techniques applying to the position and load data in same pressure. The line in Fig. 7 denotes the estimated functional relationship between K and P.
Finally the value of B(P) for contraction and release in different pressures and different loads are shown in Figs. 8a and b, respectively. Experimental results show that it is difficult to use a single function to describe the relationship between the damping coefficient B and the pressure P.
Fortunately the values of B are very small and has little influence on the whole dynamic model, a limited band is used to describe B(P) and the centre of the band is a line estimated by using least-squares techniques.
In summary, the PM model is given by
where (8) (see (9)) B(P) = B 1i P + B 0i = −0.0001245P + 52.08 + 14 (inflation) (10)
4 Traditional SMC Among several robust non-linear control techniques, SMC strategy has attracted quite a number of researchers [27] [28] [29] [30] [31] . Typically, SMC is used to compensate against the modelling uncertainties and the unknown disturbances. SMC might be an ideal method for the PM manipulation because the PM model is usually non-linear and timevarying, which necessitates some robust control strategy. For the class of non-linear systems, sliding mode controller design provides a systematic approach to the problem of maintaining stability and consistent performance in the face of modelling uncertainty.
From the dynamic equation (7) - (11), we can obtain
where
Because of the imperfect knowledge of coefficients F, K, B, it is obvious that item f (x,ẋ) and b(x,ẋ) in (12) are usually uncertain. Whereas, the uncertainties in both models can 
where D satisfies the following inequality
Consider the sliding surface as
wherex = x(t) − x d (t) is the tracking error and l is a scalar design parameter. Then the SMC law is given as [27] P =b
h is a positive constant. In order to decrease the chattering, the term sgn(s) is replaced by sat(s/G), G is the thickness of a 'boundary layer', which is a neighbourhood of sliding surface. So the sliding control law in this paper is given by
For the 'inflation' and 'deflation' cases, we designed two SMC controllers with the same structure but different functions fˆand b generated by the changed coefficients. Therefore the whole system becomes a typical switching control system. Each subsystem of the switching system is stable because the standard SMC controller design procedure is followed. As pointed out by Hespanha [32] , a switching system is still stable if all its subsystems are stable and the dwell-time of each subsystem is sufficiently large. In our study, only low-frequency switching cases are considered, for example, the step response and the slow sinusoidal trajectory tracking problem. Therefore the whole switching system is supposed to be stable although substantial proof is not given.
5 SMC based on the non-linear perturbation observer design
Controller design
SMC is used to compensate for the modelling uncertainties and the unknown disturbances. This control strategy can be designed to be globally stable and robust despite the presence of the perturbations if their upper bounds are known in advance. However, it may be difficult or sometimes impossible to obtain these upper bounds. The idea of utilising an online perturbation estimator to resolve this issue appears in some literatures [33 -37] .
Chattering is a major drawback of the traditional SMC. The main cause of chattering comes from the switch gain k, which is mandatory for suppression of the disturbance. One possible approach to reduce the gain k is to use a feedforward compensation for the disturbance, which can be realised by the disturbance observer. A non-linear disturbance observer based on control (NDOBC) approach for non-linear systems under disturbances was proposed by Chen [33] . This technique has also been applied to deal with parameter variation and unmodelled dynamics, whereby it improves the robustness of control system. Unmodelled dynamics is generated from the modelling procedure in which the parameters of non-linear PM are estimated by fitting a linear model. In addition, the friction must be contained in the experimental apparatus following the PM moving. Both the unmodelled dynamics and the friction can be integrated in the non-linear disturbance. In this study, SMCBNDO is designed to ensure that the PMA can track a desired trajectory regardless of the modelling uncertainties and disturbance. The system functional diagram with SMCBNDO is presented in Fig. 9 .
We assume the non-linear disturbance is d; the dynamic model equation (12) - (14) can be rewritten aṡ
where where
The basic idea in the design of the observers is to modify the estimation by the difference between the estimated output and the actual output. Since (22) can be written as
A disturbance observer is proposed aṡ
Define an auxiliary vector z =d − p(X ), where
In general, there is no a prior information about the derivative of the disturbance d. When the disturbance varies slowly relative to the observer dynamics, it is reasonable to suppose thatḋ = 0, we havė
Choose the gain L as a constant matrix, that is
where c 1 . 0, c 2 . 0. In this case, p(X ) is given by (29) 6 Simulation and experimental results
Simulation
The simulation objective is to demonstrate the robustness of the proposed controller. In our simulation, we let the load M ¼ 1 kg, and Table 1 gives the evaluation of PM coefficients and three sets of coefficients (C1, C2 and C3) used for the simulations. The parameters F(P), K(P), B(P) of the PM model were randomly chosen from a uniform distribution within +20% of the evaluation values. The friction was considered as the disturbance in the simulation system. The friction considered is Coulomb and Viscous friction, given by
The parameters in the simulation are given by
The performance of proposed controller was evaluated by setting a step and a sinusoidal trajectory tracking problem. The simulations for step experiments using models with coefficients in C1, C 2 and C3 were carried out first. The amplitudes of step response are 15, 5 and 30 mm, respectively. The simulation interval time was selected as 8 ms. Let the simulation parameters l ¼ 150,
1|d | and the control gain k satisfies the inequality (39). By using a saturation function with a boundary layer, the chattering of SMC was significantly reduced. Whereas, there was a static error which results from the parameter G. If the parameter G decreases, the static error will decrease whereas the chattering becomes stronger. In the reality, small G cannot be selected because it leads to a large switch control gain k. Three comparative step simulation results in Fig. 10 show that there is a smaller static error by using SMCBNDO. The desired sinusoidal trajectory is given by
In the sinusoidal trajectory tracking simulation, we suppose
1|d| (chosen from trials and errors). The simulation results for SMC and SMCBNDO using the parameter set C1 are shown in Fig. 11 . It is obvious that the tracking performance of the system using an SMC is not satisfactory when there are modelling uncertainties and perturbations. As shown in Fig. 12 , by increasing the F * to 0.9|f | and B * to 0.9, the tracking error was reduced significantly. Although a higher control gain k can reduce the tracking error, it may cause stronger chattering, which is unacceptable in an actual system. When using our proposed SMCBNDO method, the non-linear disturbance can be approximately estimated by the disturbance observer. The bounds of unknown uncertainties are then reduced significantly. Thus, even a small k can achieve a satisfactory tracking performance. The tracking error and the control gain k in the simulations of SMC and SMCBNDO are shown in Figs. 13 and 14 , respectively.
Experiments
According to the simulation result, the experiments using two different loads (no-load and M ¼ 1 kg) were also implemented on the apparatus. The results of the step and the sinusoidal trajectory tracking experiments are shown in Figure 10 Step-input control simulation result 
Conclusion
We propose a more advanced model for the PMA together with the estimation approaches of its parameters. Based on the work of Reynolds and Repperger, we studied the PMA in a different pressure range, especially in the lower pressure. The model demonstrates good approximation of the non-linear characteristics of the PMs. In order to compensate remaining uncertainties in the model as well as the friction, a non-linear disturbance observer is adapted in the control structure. Based on the proposed model of PMA, an SMC and SMCBNDO are, respectively, designed to realise the tracking control. Simulations and the experiments were implemented to compare the performance of the two methods. The results show that the SMCBNDO can estimate the non-linear disturbance of the system and is a more effective than a conventional SMC for the PMA.
